Abstract. In this article, we discuss generalized method of moments estimation of the covariance structure of longitudinal data on earnings, and we introduce and illustrate a Stata program that facilitates the implementation of the generalized method of moments approach in this context. The program, gmmcovearn, estimates a variety of models that encompass those most commonly used by labor economists. These include models where the permanent component of earnings follows a random growth or random walk process and where the transitory component can follow either an AR(1) or an ARMA(1,1) process. In addition, time-factor loadings and cohort-factor loadings may be incorporated in the transitory and permanent components.
Introduction
In recent years, an increasing number of articles have examined the covariance structure of longitudinal data on earnings. Prior to work by Hause (1977) and Weiss (1978, 1979) , much of the literature on earnings differences focused on differences at a point in time, using cross-sectional data. However, with increasing availability of panel data, attention turned to the evolution of individual earnings over time-hence the term covariance structure of earnings.
In this literature, earnings at a point in time reflect both individual-specific timeinvariant characteristics and also transitory but serially correlated error-term variation. Consequently, earnings differences at a point in time may reflect either permanent inequality or transitory inequality, and tackling these different sources of inequality requires different policy measures. GMM estimation of the covariance structure of longitudinal data Econometric models of earnings covariance structures are widely used in both macroeconomics and labor economics. Macroeconomists use the estimates as inputs in dynamic stochastic general equilibrium models, where the persistence of shocks has implications for consumption and labor supply over the life cycle. Labor economists are particularly interested in the quantitative importance of the different variance components in explaining residual earnings inequality.
Covariance structure models are related to those used in factor analysis but have been developed in a distinct way by labor economists. Examples of recent research articles that fit earnings covariance structure models include Moffitt and Gottschalk (2002; 2008; 1995) , Baker (1997) , Baker and Solon (2003) , Dickens (2000) , Haider (2001) , Ramos (2003) , Cappellari (2004) , Daly and Valletta (2008) , Guvenen (2009) , Gustavsson (2008) , and Doris, O'Neill, and Sweetman (2010a,b) .
Estimation of some covariance structure models is possible in Stata using xtmixed. However, xtmixed only allows fitting of basic models and requires strong parametric assumptions. For this reason, research in the area has favored a generalized method of moments (GMM) approach, which is more flexible. The GMM estimator was introduced into the econometrics literature by Hansen (1982) ; excellent surveys can be found in Hall (2005) and Cameron and Trivedi (2005) . Although Stata's gmm routine, in its moment-evaluator form, could be used to fit each of a number of covariance structure models on a case-by-case basis, this is relatively complicated to do-it involves writing an ado file for each specification-and there are benefits to having a specialist and integrated command that allows researchers to fit many specifications using a single common command syntax. In this article, we introduce gmmcovearn, a user-written program that meets this need.
The rest of the article is set out as follows. In section 2, we briefly review the general principles underlying GMM estimation, and in section 3, we consider this estimator in the context of the covariance structure of longitudinal data on earnings. Our gmmcovearn command is explained in section 4 and is illustrated in section 5 with panel data on earnings for the USA and for Germany. We conclude the article in section 6.
A review of GMM estimation
The GMM approach provides a computationally convenient method of performing inference without the need for distributional assumptions. The key to GMM estimation is a set of population moment conditions that are derived from the underlying statistical model. GMM is based on the analogy principle whereby population moment conditions are replaced by their sample analogues. This in turn provides a system of equations that form the basis for the derivation of the GMM estimator.
.
In practice, G 0 and S 0 are estimated by evaluating the analytical expressions at the GMM estimate, θ GMM . Hypothesis tests on individual parameters can then be carried out using a Wald test.
For more-general model specification tests, Newey's (1985) test of over-identifying restrictions, based on an adjusted residual sum of squares, can be used. However, as several authors have noted (Baker and Solon 2003; Ramos 2003; Gustavsson 2008) , this test almost always rejects the specified model at conventional levels. In addition, Baker (1997) found that such specification tests have inflated size in small samples. For these reasons, this approach is not used as the basis for specification tests in this literature. However, the adjusted or unadjusted residual sum of squares is typically used as a measure of goodness of fit.
Estimating the covariance structure of earnings
In the literature on the covariance structure of earnings, the de-meaned logarithm of earnings of worker i at time t, y it , is the sum of a permanent component (for example, due to individual-specific fixed characteristics such as the level of education) and a transitory component (reflecting temporary shocks that affect the individual directly or indirectly via the labor market). Thus in the very simplest specification,
where α i is the individual-specific permanent component with variance σ second approach, the random growth model, each worker has an individual-specific experience-earnings profile so that earnings growth rates vary across individuals in a systematic way (Haider 2001) . In the random walk specification, current earnings are a sufficient statistic for future earnings, while in the random growth model, information in addition to current earnings (for example, initial earnings) may be informative about future earnings. For a detailed discussion and comparison of these two approaches, see Baker (1997) and Guvenen (2009) . Additionally, a few articles have fit covariance models that combine the random walk model with the random growth model-see, for example, Ramos (2003) and Moffitt and Gottschalk (2008) .
gmmcovearn allows researchers to fit models that incorporate the three key features of earnings dynamics discussed earlier: time and cohort effects in both the permanent and the transitory component; either an AR(1) or an ARMA(1,1) process for the transitory term; and a random growth or random walk model for the permanent component.
The general model we consider assumes that earnings for individual worker i, belonging to birth cohort c and with x years of experience at time t, y ict , are given by
where E(α i ) = E(β i ) = E(w it ) = E(ν it ) = 0. α i and β i have variances σ 2 α and σ 2 β , respectively, and covariance σ αβ . The first two terms inside the parentheses in (1) capture the random-growth component of earnings. Thus each individual may have a different permanent life-cycle growth rate of earnings, and this growth rate may be correlated with initial earnings. The final term inside the parentheses, u it , follows a random walk process, with the variance of w it given by σ 2 w and E(u i,(t−1) w it ) = 0. This process allows for random shocks that have permanent effects. The accumulated variance of the random walk process prior to entry to the labor market cannot be identified in this model and is incorporated into estimation of σ 2 α . This identification problem arises in any model with fixed effects and a unit-root process. p t and λ t are factor loadings that allow the permanent and transitory components, respectively, to change over time in a way that is common across individuals; q c and s c allow the permanent and transitory components, respectively, to differ by cohort. Thus the model allows for time, experience, and cohort effects. These parameters can be separately identified because of nonlinearities in the underlying model. Serial correlation in the transitory shocks, ν it , is modeled using either an AR(1) or an ARMA(1,1) process, with AR parameter ρ and MA parameter θ. Specifically, observe individuals from the start of their working lives, and the absence of this information has to be taken into consideration. Because working lives are not infinitely long, it is inappropriate to appeal to a long-run steady-state assumption to resolve the initial-conditions problem (which is the approach taken by xtmixed when fitting AR and MA specifications for the transitory component). Instead, we follow the approach suggested by MaCurdy (1982) , which has been widely adopted by labor economists, and treat the variance at the start of our sample period, σ 2 ν1 , as an additional parameter to be estimated.
The GMM estimator matches sample variances and covariances to their population counterparts. In the model specified by equations (1)- (3), the true variance-covariance matrix for cohort c has diagonal elements
and off-diagonal elements
where K = σ 2 ǫ (1 + θ 2 + 2ρθ), X ct is the average experience of individuals in cohort c at time t, and X 2 ct is the average value of experience-squared for cohort c at time t. The parameter vector to be estimated is given by
Identification requires a normalization of the factor loadings and in keeping with the literature, we set p 1 , λ 1 , q 1 , and s 1 equal to one. We then use this parameter vector to recover the individual components of aggregate inequality. The permanent component at time t is given by the first term in curly braces in (4) or (5), as appropriate, while the second term in curly braces is the transitory component.
The model given in (1)-(3) above encompasses many, but not all, of the models that have been used in the empirical literature. Firstly, the program does not allow for Doris, D. O'Neill, and O. Sweetman 7 heteroskedasticity in the specified variances, as used, for example, by Baker (1997) and Hoffmann (2009) . However, because of identification issues, such specifications have been used only with extremely large administrative datasets, which are typically not publically available. Secondly, earlier work by MaCurdy (1982) and Abowd and Card (1989) found that an MA(2) specification best fits the covariance matrix of earnings differences. While gmmcovearn cannot fit this model directly, our random walk model in levels with an ARMA(1,1) transitory term implies an ARMA(1,2) model in differences (Moffitt and Gottschalk 1995) . In practice, the estimated value of the AR parameter is such that the difference between this and the MaCurdy and Abowd-Card specifications is small.
The gmmcovearn command
gmmcovearn estimates the parameters of the covariance structure of earnings. The program requires that the panel dataset be in wide format and contain an earnings variable. This variable may be specified in logs or in levels and may refer to actual earnings or to residuals derived from a first-stage regression on a set of observed covariates. If a heterogeneous profiles model is specified (random growth or random walk), the data must also include a labor-market experience variable. For models with cohort effects, the data must contain a cohort indicator variable, and there must be data for every cohort in each year. The program works for both balanced and unbalanced data at the individual level.
The program begins by computing the earnings variances and covariances from the raw data. When the data are unbalanced, each sample moment is constructed using all the available observations for that moment. For each moment expression, average experience (and average-squared experience) is calculated using only the information on individuals who contribute to that moment. The program uses the sample moments; the population expressions given in (4), (5), and (6); and Stata's nl command to recover the parameter estimates. As mentioned earlier, this implies that the weighting matrix used is the identity matrix. The sample moments are provided as part of the program's output. The program adjusts the standard errors of the parameter estimates to take account of the number of observations used in the computation of each moment, following the approach suggested by Haider (2001) ; this yields valid standard errors whether the data are balanced or unbalanced.
where earningsvar is the stub of the name of the earnings variable in the dataset. The numeric suffix attached to the stub identifies the year (or panel wave) of the earnings variable. The program assumes that these suffixes are consecutive integers running from firstyr() through firstyr() + yearn() − 1, where firstyr() is the year associated with the first year observed in the dataset and yearn() is the total number of years observed (see below).
Options
modeln(#) specifies the type of model to be fit. The default is modeln(1). modeln() is required.
modeln (1): AR(1), no growth heterogeneity (σ
modeln (2): ARMA(1,1), no growth heterogeneity (σ (7): AR(1), combined random growth and random walk (θ = 0) modeln(8): ARMA(1,1), combined random growth and random walk yearn(#) specifies the total number of years over which earnings are observed. yearn() is required.
expvar(exp) specifies exp as the stub of the name of the experience variable and must be used for specifications that allow for growth heterogeneity in the life-cycle earnings profile (modeln(3)-modeln (8)). In the dataset, these suffixes must follow the same convention as for earningsvar, described above.
firstyr(#) specifies the numeric suffix attached to the first year of earnings data observed in the sample. The default is firstyr(1).
cohortn(#) specifies the number of cohorts used for the analysis. The default is cohort(1).
cohortvar(cohvarname) identifies cohvarname as the variable that distinguishes the different cohorts. The default is cohortvar(cohort).
firstcohort(#) specifies the value of cohvarname for the first cohort. The default is firstcohort(1).
cohvarname is assumed to be coded in consecutive integers from firstcohort() to firstcohort() + cohortn() − 1. For example, in a model with four cohorts, the values of cohvarname could be 1 to 4 (in which case firstcohort() is 1) or 1994 to Doris, D. O'Neill, and O. Sweetman 9 1997 (in which case firstcohort() is 1994). Nonconsecutive suffixes, such as 1960, 1970, 1980, and 1990 , would have to be recoded before being used.
stvalue(start values) specifies the starting values for the estimation. For T years of data and C cohorts, the values are entered in the following order, separated by commas: sigalpha, rho, sigv1, sige, l2-lT, p2-pT, q2-qC, s2-sC, sigbeta, covalphabeta, sigw, theta, corresponding to parameters σ
w , and θ. The default value for each of the l, p, q, and s parameters is 1; for sigalpha and rho, it is 0.5; for sigv1 and sige, it is 0.1; for sigbeta, covalphabeta, and sigw, it is 0; and for theta, it is −0.5. The user should specify starting values only for the parameters actually estimated in the chosen model (see modeln() above).
newdataname(momdataname) allows the user to create the new dataset momdataname consisting of two or more variables, depending on the model used. The first variable, moment, contains the sample moments calculated by the program. The second variable, nobsmoment, contains the number of observations used in calculating the corresponding moment. If a random growth or a random walk model is specified (modeln(3)-modeln(8)), the dataset will also contain the average of experience, aveexp, and the average of squared experience, aveexp2.
For the moment variable, the first T observations are the T sample variances for the first cohort, the next T observations are the variances for the second cohort, and so on for each of the C cohorts. Starting at the (T × C + 1)th element, the next (T − 1) elements are the (T − 1) first-order covariances for the first cohort, beginning with the earnings covariance between the first and second year. The next (T − 1) elements refer to the first-order covariances for the second cohort, and so on. This pattern is repeated for the higher-order covariances so that the final C observations are the C(T − 1)th-order covariances.
graph(#) requests a graphical display of the predicted permanent and transitory components of inequality [calculated using (4) and (5)], along with predicted and actual aggregate inequality. Predicted aggregate inequality is simply the sum of the predicted permanent and transitory components. The default is graph(0). The data underlying these graphs are available in the saved results (see below). 
Examples
In this section, we use gmmcovearn to analyze the covariance structure of earnings with panel datasets for the USA and Germany. The examples are for illustrative purposes only. The example for the USA uses publically available data and illustrates the use of our estimator when the data are provided in long format. The German example estimates a random growth model of earnings and also shows how cohort effects are accounted for in our estimation procedure. Both examples use unbalanced data.
National Longitudinal Survey (NLS) data
In this example, we use the NLS panel dataset used in Wooldridge (2002) and available for download within Stata. The dataset provides an unbalanced panel of data on earnings, schooling, and demographic information for 530 individuals from the NLS for the years 1981 to 1987.
. use http://www.stata.com/data/jwooldridge/eacsap/nls81_87.dta
To begin, we fit a random-effects model with an AR(1) transitory error term, modeln(1), similar to that fit by Lillard and Weiss (1978) . A simpler version of this model could be fit using xtmixed; however, xtmixed uses a steady-state assumption to handle initial conditions, which is unlikely to be appropriate, as discussed in section 3. In contrast, gmmcovearn follows the approach suggested by MaCurdy (1982) and treats the variance at the start of our sample period, σ 2 ν1 , as an additional parameter to be estimated. To fit this model with gmmcovearn, we first reshape the data into long format:
. This dataset contains seven years of earnings data, from 1981 to 1987. The program requires the user to input earningsvar, which is the stub of the name of the earnings variable. In this example, earningsvar is lwage. In these data, the numeric suffix attached to lwage refers to the year of observation. The lowest suffix is firstyr(), the numeric year attached to the first year of earnings data, which in this case is 81.
A summary of the variables used is provided below:
. As we will see later, all information on the number of observations used can be recovered from the program's saved results. The gmmcovearn command is issued as follows:
. gmmcovearn lwage, yearn (7) modeln (1) The output header includes the standard information on goodness of fit produced by the nl command. This includes the residual sum of squares (unadjusted) which, as noted earlier, is sometimes used as a measure of fit in the empirical literature.
The parameters sigalpha, rho, sigv1, sige, l2-l7, and p2-p7 correspond to σ 2 α , ρ, σ 2 ν1 , σ 2 ǫ , λ 2 − λ 7 , and p 2 − p 7 . The result for rho indicates moderate persistence in the transitory shock; the factor loadings l2-l7 and p2-p7 indicate rising transitory and permanent variances over time.
The standard errors reported in the top panel of the output are incorrect: they fail to take into account the number of individuals used when calculating the sample moments. Correctly adjusted standard errors are reported in the bottom panel. The corresponding adjusted variance-covariance matrix is saved in e(V).
Hypothesis tests can be carried out using test after running the gmmcovearn command. For example, a test that the permanent factor loadings, p t , are constant over time can be carried out using a Wald test, as follows:
( 1) p2 -p3 = 0 ( 2) p2 -p4 = 0 ( 3) p2 -p5 = 0 ( 4) p2 -p6 = 0 ( 5) p2 -p7 = 0 ( 6) p2 = 1 chi2( 6) = 12.14 Prob > chi2 = 0.0588
In this example, we reject constant permanent factor loadings at the 6% significance level. To illustrate the saved results from gmmcovearn, we use ereturn list.
. ereturn list scalars: e(numoment) = 28
macros: e(cmd) : "gmmcovearn" e(cmdline) : "lwage, yearn (7) modeln (1) As noted above, gmmcovearn begins by computing the earnings covariances from the raw data. Because we have only one cohort in this dataset, there is only one sample covariance matrix saved in e(moment1).
. matrix list e(moment1) symmetric e(moment1) [7, 7] The number of observations reported in the header of the output table for gmmcovearn refers to the number of moment conditions used in the analysis and not the number of individuals used in the estimation. The number of individuals contributing to each of the sample moments is saved in e(nobs1).
. matrix list e(nobs1) symmetric e(nobs1) [7, 7] These sample sizes are used in the calculation of the corrected variance-covariance matrix for our parameter estimates, which are saved in e(V).
The components of the variance decomposition are saved in e(perm1), which contains the permanent component of inequality, and e(temp1), which is the transitory component. To recover the permanent components, we simply type The results reported above indicate a steady increase in permanent inequality over this time period.
German earnings data
To illustrate the use of gmmcovearn for a more complicated model that includes cohort effects, we use a data extract from the eight waves of the European Community Household Panel for Germany. The years covered by the survey are 1994-2001. As in the previous example, the data are unbalanced. The earnings variable for each year is the residual from a first-stage regression of earnings on potential experience and potential experience squared. The earnings variables are yi1994-yi2001 and the individual experience variables are potexp1994-potexp2001. In the dataset, the cohort indicator variable is birthcoh, which takes the values 1-4 corresponding to the four cohorts in the data. The number of individuals in each cohort is given below. The following shows the estimates of a random growth model with cohorts and an AR(1) specification for the transitory error term.
. gmmcovearn yi, yearn(8) modeln (3) cohortn (4) Adding graph(1) as an option in the above command returns a graph of the predicted transitory and permanent components of inequality [calculated using (4) and (5) The data for the predicted permanent and transitory components used in these graphs are saved in e(perm1)-e(perm4) and e(temp1)-e(temp4).
Because researchers in this area sometimes report convergence problems, it is good practice for users to experiment with a range of starting values by using the stvalue() option to check the robustness of the reported parameter estimates. In the following example, we use a starting value of ρ of 0.9, which is far away from our previous parameter estimate. In this example, the model quickly converges to point estimates that are practically identical to those reported earlier. 1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,. 
Conclusion
Models of the earnings covariance structure are widely used in both labor economics and macroeconomics. The most common approach to fitting these models entails the use of GMM. However, there is no routine that allows for easy and fast estimation of these models. gmmcovearn is a user-written Stata program that is designed to meet this need.
The program first computes earnings variances and covariances from the raw data. These sample moments, combined with appropriate population expressions are then used with Stata's nl command to recover the parameter estimates. The program uses these parameter estimates to decompose aggregate inequality into its permanent and transitory components and provides a graphical display of this decomposition.
The program has a number of attractive features. First, it is not written for one specific data structure; it allows for balanced and unbalanced data and has flexibility with respect to the number of time periods and the number of cohorts. In addition, a wide range of models can be fit, covering the majority of those used in the empirical literature. Moreover, it calculates standard errors that are correct for the given data structure. The program also allows the user to easily experiment with alternative starting values, which may be important in practice. These features combine to facilitate easy and fast estimation of earnings covariance models.
